The environmental preservation is a critical task for the automotive industry. In relation to this matter, regulations for automobile exhaust gas are enforced. The present exhaust gas purification system has been composed of an electric fuel-injection system and a three-way catalytic converter, that simultaneously oxidizes excess levels of exhaust carbon monoxide (CO) and unburned HCs, and reduces excess levels of the oxides of nitrogen (NO x ). In such system, the purification ability of the catalyst drastically lowers when the catalyst deteriorated. On the other hand, since the operability of the automobile is not affected by the deterioration, there is a danger which keeps using the car with deteriorated catalyst. Therefore, on-board diagnosis for the catalysts is strongly required.
The object of this study is to construct an on-board catalyst diagnosis system to detect the deterioration under the actual driving conditions. In this paper, the on-line identification and deterioration diagnosis of the catalyst based on the recursive least squares (RLS) method with variable forgetting factor (VFF) is proposed. Fig. 1 shows the automobile exhaust gas purification system. It is well known that the air-fuel ratio (A/F) is controlled in order to effectively utilize the purification performance of the catalyst. The control is carried out by constructing double feedback loop which uses outputs of two exhaust gas sensors installed on upstream and downstream of the catalyst. In this study, from the viewpoint of the cost reduction and the practical utilization on the market, the oxygen sensor which possesses the non-linearity to the A/F is employed instead of the more costly linear A/F sensor. For the non-linearity of the sensor, the hysteresis property is dominant. The catalyst also has a dynamic non-linearity which is caused by the chemical reaction. Input and output signals in the modeling of the catalyst are the voltage signal from the oxygen sensors. Therefore, the identified object includes both non-linearities. Since the hysteresis property is dominant in the non-linearities of the identified object, we adopt the on-line identification based on RLS method with VFF which can adaptively identify the change of the characteristic. The advantage to introduce the forgetting factor into the RLS method is that the data in a past can be exponentially forgotten in the parameter estimation. In addition, by making the forgetting factor variable, it is expected that the hysteresis characteristic of the object, which divisionally changes in proportion to the piecewise regions, can be accurately identified. Moreover, the main contribution to introduce the RLS method with VFF is that the deterioration diagnosis of the catalyst become possible through the time ratio of VFF defined as R VFF .
The identification and diagnosis experiments were carried out with three kinds of catalysts that differ in deterioration and two driving patterns. The introduced R VFF with respect to the deterioration degree is shown in Fig. 2 . The horizontal axis represents the deterioration degree normalized by the deterioration of the 60,000 km driving. It can be confirmed that R VFF linearly increases with the deterioration degree. The validity of utilizing this value for the catalyst deterioration diagnosis has been experimentally verified. The majority of the conventional system purifying exhaust gas is composed of a three-way catalyst and an electronic fuel injection. However, harmful pollutants are increasingly emitted when the catalyst becomes aged.Therefore, it is necessary to detect the deterioration of the catalyst by means of on board diagnosis. In this paper, we propose a diagnosis method of the aged catalyst using recursive system identification method with variable forgetting factor. We focus on the parameter of identified model which represents a characteristic of the catalyst, and possibility to describe the diagnosis of the aged catalyst. 14.5
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